ABSTRACT One of the principal issues of alternative combustion modes for diesel engines (such as HCCI, PCCI, and LTC) is caused by the imbalances in the distribution of air and EGR across the cylinders, which affects the combustion process and ultimately cause significant differences in the pressure trace and indicated torque for each cylinder. In principle, a cylinder-by-cylinder control approach could compensate for air, residuals, and temperature imbalance. However, in order to fully benefit from closed-loop combustion control, it is necessary to obtain feedback signals from each engine cylinder to reconstruct the pressure trace. Therefore, cylinder imbalance is an issue that can be detected in a laboratory environment, wherein each engine cylinder is instrumented with a dedicated pressure transducer. This paper describes the framework and preliminary results of a model-based estimation approach to predict the individual pressure traces in a multicylinder engine relying on a very restricted sensor set, namely, a crankshaft speed sensor, a single production-grade pressure sensor. The objective of the estimator is to reconstruct the complete pressure trace during an engine cycle with sufficient accuracy to allow for detection of cylinder to cylinder imbalances. Starting from a model of the engine crankshaft dynamics, an adaptive sliding mode observer is designed to estimate the cylinder pressure from the crankshaft speed fluctuation measurement. The results obtained by the estimator are compared with experimental data obtained on a four-cylinder diesel engine.
I. INTRODUCTION
Conventional Diesel engines typically operate in open loop with respect to combustion [1] . As emissions and diagnostic regulations have become more stringent, the possibility of closed-loop combustion control has recently gained interest [2] . In particular, the possibility of controlling the individual fuel injectors could help compensating for several sources of variability, such as the air and residual mass imbalance that occurs between cylinders and leads to differences in cylinder pressure traces, engine torque and emissions [3] .
In principle, a cylinder-by-cylinder control approach could compensate for air, residuals and temperature imbalance [3] . However, in order to fully benefit of closed-loop combustion control, it is necessary to obtain feedback from each engine cylinder to reconstruct the pressure trace. Processing cylinder pressure data for real-time applications requires several operations to be performed in order to eliminate the noise and offset issues associated to the output of piezoelectric transducers [4] . However, the signal processing operations that are performed on the sensors outputs lead to delays in the estimation of the pressure, therefore preventing from real-time applications.
Furthermore, due to cost issues, the use of a dedicated piezoelectric transducer per engine cylinder is today limited to laboratory testing. For light-duty automotive applications, the use of sensors in every cylinder will likely be cost prohibitive, and it is likely that only one sensor per cylinder bank will be utilized in the next generation of control systems. This will require more sophisticated estimation techniques to detect the pressure in the remaining engine cylinders, for instance by processing the engine crankshaft speed fluctuations [5] - [10] . Torque estimation from crankshaft speed sensing has been largely utilized in the past for combustion diagnostics, for example misfire detection [11] - [13] . However, it appears evident that such estimation methods are not accurate enough to diagnose torque imbalances due to the air and EGR distribution through the cylinders.
In summary, in order to take advantage of Diesel engine closed loop combustion control to compensate for cylinder imbalance, it is necessary to develop an estimation methodology that allows for an accurate prediction of the pressure trace in each individual cylinder with real-time capabilities and minimal sensor requirements.
The scope of this work is to demonstrate a model-based estimation methodology that allows one for the real-time reconstruction of individual in-cylinder pressures, utilizing a minimum sensor set. The outcome of this work will be an algorithm that could be implemented into a closed-loop control system for automotive Diesel engines utilizing cylinder pressure feedback to compensate for imbalances due to air and EGR distribution.
II. CRANKSHAFT MODEL STRUCTURE
Following the approach proposed in [14] , a dynamic model of the in-cylinder processes based on the energy conservation principle is here applied to predict the cylinder pressure from intake valve closing to exhaust valve opening (IVC →EVO). This model is here extended to an inline four-cylinder engine by properly phasing the combustion events based on the firing order of the engine and by approximating the pressure during the charge exchange phase of the cycle to a constant term. As a result, the pressures p cyl,1 , . . . , p cyl,4 of the four cylinders are defined by the following equation:
for i = 1, . . . , 4, where the crank angle is defined as:
The apparent gross heat release rate Q g in Equation (1) accounts for the fuel energy released during the combustion and the heat losses due to heat transfer to the cylinder walls [15] . This term is estimated through the definition of an apparent fuel burning rate, which is modeled as a linear combinations of Wiebe functions calibrated on steady-state experimental data [16] .
The cylinder pressure is used to calculate the instantaneous indicated torque T ind,i (θ i ), acting on the crank arm [14] , [17] , [18] . In addition to the indicated torque, the reciprocating inertia torque T m,i (θ i , ω) and the engine friction torque T fr (ω) must be modeled in order to determine the effective torque acting on the crank arm [15] . The above terms have been calculated as in [18] .
Finally, a simple, one-degree of freedom model of the the rotational dynamics of the crankshaft system is defined by a torque balance, assuming the crankshaft as a rigid body:
where J eq is the equivalent inertia of the engine cranktrain. In order to facilitate the design of the estimator, a simplification is introduced in the model. Specifically, it is assumed from here on that each torque pulse produced by a firing event causes a distinct fluctuations in crankshaft velocity and acceleration [5] , [9] , [19] . This allows one to decouple each cylinder pressure event which generates a torque contribution in Equation 2.
The complete engine cylinder pressure and crankshaft dynamics model given by Equations (1)- (2) can be converted to state-space form to facilitate the estimator design. To this end, the model is slightly approximated by assuming the reciprocating inertia torque as acting with the engine load as an external torque, and its value calculated from the estimated engine speed. Such approximation is accepted for a lightduty Diesel engine, where the indicated torque is an order of magnitude higher than the reciprocating inertia torque [18] . Furthermore, let:
J eq ω These assumptions and notations lead to the following state representation form:
where
In the above form, the model can be tested for observability, which is a necessary condition for the estimator design.
To study the uniform observability of the system, the matrix
must be of full rank for each angular position. The system described by Equation 3 results uniformly observable except at top dead center (TDC) and bottom dead center (BDC), where the condition A 12 = 0 occurs [14] . This is physically reasonable, as the cylinder pressure has no effects on the crankshaft speed when the piston is located at its extreme positions.
III. ESTIMATION SCHEME
A simple schematic of an inline four-cylinder engine is shown in Figure 1 . The proposed estimation scheme relies on the output of a single production-grade pressure transducer (for example, located in cylinder 1), and on the engine crankshaft speed sensor output to predict the pressure trace for each individual cylinder. Preliminary work has been done on the analysis of the raw signal from the piezoelectric sensors and on the real-time estimation of cylinder pressure [20] . The outcome is a modelbased estimation algorithm that consists of an Extended Kalman Filter (EKF) augmented with recursive least square (RLS) estimator. The estimator relies on a control-oriented thermodynamic model of the in-cylinder process to characterize the cylinder pressure trace in real-time conditions (on a crank-angle basis), given the engine operating condition in term of mean engine speed and load (represented by the total injected fuel quantity). The estimator has been validated on experimental data from a laboratory test bench [14] , [21] .
The work in [21] focused on the feasibility of extending the estimation algorithm developed in [14] to a multicylinder Diesel engine, to predict the cylinder pressures utilizing a minimal sensor set. The proposed estimation scheme is shown in Figure 2 . The model-based estimator utilized the inputs from a single pressure transducer (for example, located in cylinder 1 as in figure 1 ) and from the engine crankshaft speed sensor to reconstruct the individual pressure of each cylinder for a representative engine condition.
The cylinder pressure was estimated using sliding mode observer based on the crankshaft speed measurement only. The work done in [21] can be improved by implementing the SMO in an adaptive way rather than assuming full and accurate information in the model which is the major contribution of this paper.
IV. ADAPTATION USING ONE CYLINDER PRESSURE MEASUREMENT
To accommodate for the uncertainties, the model form is slightly modified to be
where A 11 , A 12 , and A 22 are defined as in Equation 3 . µ 1 is the uncertainty variable for the engine friction offset and µ 2 is the uncertainty variable which can be interpreted as a scaling factor of the gross heat release. The assumption made here is that the friction offset and the heat transfer are the same for all cylinders. Using the Certainty Equivalence Principle, the sliding mode observer can be designed assuming µ 1 and µ 2 are known, as was done in Section III. To deal with the uncertainties, an adaptive-SMO can be derived by introducing the uncertainty to the error dynamics as follows:
After the enforcement of the sliding mode (ỹ → 0) as explained earlier, the equivalent control becomes:
and the motion equation is
where L(θ) is designed to make the term (A 22 −LA 12 ) negative as in the case with no uncertainty. The goal now is to find 
By designing the adaptive parameters dynamics as
we can enforce dV dθ ≤ 0, implying stability of the error system based on Lyapunov stability theory. There are two points to be discussed based on this result. First, the adaptation dynamics require a value for the pressure error, which in turn requires feedback from the cylinder pressure; this, then, justifies the need for this sensor in one cylinder. Second, for the error system to converge to the origin, the system must be asymptotically stable (not simply stable).
To assure asymptotic stability, the La Salle/Yoshizawa Theorem will be utilized. It can be proven that the estimator errorx 2 will converge to the origin (see Appendix for details on the theorem):
1) Let W (x 2 ) = λ max (A 22 − LA 12 )(x 2 ) 2 , which is negative definite (W (x 2 ) < 0) by design ∀θ except at TDC, as discussed in [21] . 2) Therefore, dV dθ ≤ W (x 2 ), which satisfies the hypothesis of the theorem. 3) As a consequence of the theorem, W (x 2 ) → 0 . 4) This implies thatx 2 → 0 except at the instant of TDC. This result proves provides an analytical proof for the asymptotic stability of the pressure estimation error, which is our ultimate goal. One drawback from this result is the lack of a notion of uniform convergence. Uniform convergence leads to total stability, i.e. stability under persistent disturbance [22] . This does not necessarily mean that the estimator with this derivation is not robust, but it puts more concerns on the level of disturbances and signal noise that the estimator can handle. Figure 3 shows the results using the adaptive-SMO with the same model and disturbances applied in the previous section. The results show a better performance (compared to SMO-Only observer in [21] ) in terms of less speed error as well as better tracking for the pressure traces (note that the second peak is perfectly captured). As mentioned earlier, VOLUME 2, 2014 the estimator design which is based on La Salle/Yoshizawa Theorem lacks the Uniform Convergence; consequently, the estimation of the deviation in the uncertainty parameters, µ 1 and µ 2 , is not converging to the 30% which was the preset value as shown in Figure 4 ; however, the estimation is still stable. The short duration fluctuations in the estimation are results of the lack of observability at the instant of TDC.
In terms of the combustion metrics, Figure 5 shows a great improvement, especially in terms of CA 50 and IMEP compared to the case without adaptation. Figures 6, 7 , and 8 show the combustion metrics for the other cylinders (2, 3, and 4) , where the estimation is still better than the case without adaptation. However, these estimation results are not as good as the result for cylinder-1 because the cylinder pressure signal was generated from cylinder-1.
The estimator can be further tested by adding white Gaussian noise of 10 RPM standard deviation to the crankshaft speed feedback signal. The result shown in Figure 9 looks very promising since the estimator is able to reconstruct the pressure with a very good accuracy despite the noisy speed measurement.
Finally, the estimation for the combustion metrics for the four cylinder are shown in Figures 10, 11, 12 , and 13. We notice more fluctuation because of the noise, but the result overall seems very acceptable.
V. CONCLUSION
The scope of this work has been to demonstrate a model-based estimation methodology that facilitates real-time reconstruction of individual in-cylinder pressure, utilizing a minimum sensor set. The first step was to derive a crankshaft speed model incorporated with the pressure model derived in [20] . The sliding mode observer implemented in [21] was improved by the development of an adaptive-SMO based on the certainty equivalence principle and utilizing the cylinder pressure signal from one cylinder. The estimator was derived analytically and the results in terms of pressure traces or combustion metrics show that the design is very promising and robust to a good extent. Although the validation of this estimation design was validated using a 4-cylinder engine, the concept can be extended to ''banks'' of cylinders such as V 6 or V 8. A concern and future work would be the lack of Uniform Convergence in the adaptive estimator design although the main goal is yet achieved by proving convergence of the cylinder pressure state.
APPENDIX NOMENCLATURE

P max
Maximum pressure CA 50 Crank 
LA SALLE/YOSHIZAWA THEOREM
The La Salle/Yoshizawa theorem is similar to the well know theorem by La Salle for asymptotic stability of autonomous systems [23] . However, this theorem deals with nonautonomous systems. The theorem can be stated as follows: For the non-autonomous systemẋ = f (t, x), where f is piecewise continuous function in t and locally Lipschitz in x ∈ R n . Assume ∃ W (x) ≥ 0 and V(t,x) such that: α(|x|) ≤ V (t, x) ≤ α(|x|), where α, α ∈ K ∞ . and ∂V ∂t + ∂V ∂x f (t, x) ≤ −W (x), ∀t ∈ R, ∀x ∈ R n . Then: 1) Trajectories x(t) are bounded.
2) x = 0 is uniformly stable (US) in the sense of Lyapunov. 3) ∀(t 0 , x 0 ) ∈ R × R n W (x(t)) → 0.
